Drought characterisation is an intrinsically spatio-temporal problem. A limitation of previous approaches to characterisation is that they discard much of the spatiotemporal information by reducing events to a lower order subspace. To address this, an explicit 3-dimensional (longitude, latitude, time) structure based method is described in which drought events are defined by a spatially and temporarily coherent set of points displaying standardized precipitation below a given threshold. Geometric methods can then be used to measure similarity between individual drought structures. Groupings of these similarities provide an alternative to traditional methods for extracting recurrent space-time signals from geophysical data. suggest that large area, sustained droughts result from the combination of multiple small area (∼ 10 6 km 2 ) short duration (∼3 months) events. The small events are not found to occur independently in space. This leads to the hypothesis that local water feedbacks play an important role in the aggregation process.
Introduction
Drought has claimed over one million lives and $60 billion in losses globally since 1974 (UN 2008 , MunichRe 2008 . Modern water supply infrastructure can eliminate direct mortalities yet the societal impacts of water scarcity remain and cannot be overstated. A thorough understanding of the peril is essential for mitigating against the risk as it stands and for preparedness in the face of climate change.
The majority of notable high precipitation events are characterised by highly localised, short lived, heavy downbursts. The same is not true of the most notable drought events. These typically last for several months or even years and span thousands of square kilometres. Previous authors have considered the spatial and temporal nature of drought at regional (Livada & Assimakopoulos 2007 , Vicente-Serrano 2006 , continental (Briffa et al. 1994 , Lloyd-Hughes & Saunders 2002 , van der Schrier et al. 2006 ) and global scales (Sheffield et al. 2009) . A limitation of these studies is that they reduce the full 3-dimensional space-time drought structure to a lower order subspace. The analysis is limited to the time evolution of fixed areal quantities, for example, the global area average; and/or the time dependent amplitude of fixed spatial patterns, such as loadings onto empirical orthogonal functions. The block neighbourhood used in the severity-area-duration (SAD) approach (Andreadis et al. 2005 ) is a true space-time representation; however, the focus on areal extent obscures much of the time evolution of the drought structure. Consideration of the space-time structure is fundamental to the understanding of the role of external and internal forcings on drought development. Improved appreciation of these drivers is crucial for the development of effective monitoring and early warning systems. This paper describes a method for characterizing coupled space-time deficits from gridded precipitation data. The emphasis is placed on the explicit representation of the intrinsic 3-dimensional space-time deficits that constitute drought. 
Drought definition
The term 'drought' is frequently used to refer to the adverse impacts of the lack of precipitation rather than the lack of precipitation as a meteorological event (Smakhtin & Schipper 2008) and this can present difficulties with respect to event definition. In this paper, drought is defined in a strictly meteorological sense. Specifically, it is defined by negative values of the Standardized Precipitation Index (SPI) (McKee et al. 1995) at the 3-monthly time scale (SPI 3 ). This definition represents a good proxy for large scale stream flow drought in Europe (Lloyd-Hughes et al. 2009 , Szalai & Szinell 2000 but since an objective definition of drought remains elusive it should be remembered that other definitions may be more appropriate for other applications.
Feature extraction
Drought data on a regular grid, either observed or modelled, can be represented as a set of maps of values at fixed geographical locations stacked sequentially in time order as a 3 dimensional array (henceforth data stack) with dimensions representing longitude, latitude, and time. A variety of techniques exist for the extraction of recurrent spatial patterns from such stacks of data e.g. principal component analysis (PCA), empirical orthogonal teleconnections, cluster analysis, etc. (see Hannachi et al. (2007) for a review). A common feature of these methods is invariance to the time ordering of the grids i.e. the results remain the same for any ordering of the maps within the stack. Similarly, a wide range of time series techniques are available to extract temporal patterns from the data (see von Storch & Zwiers (1999) or Wilks (1995) ) e.g. t-mode PCA, Fourier decomposition, wavelet analysis, etc..
A common feature of these methods is restriction to a particular spatial domain, be this a fixed areal quantity or the amplitude of fixed spatial weights such as a principal component.
The choice of technique for the extraction of common space-time features is 4 limited. Methods commonly applied in the atmospheric sciences are restricted to principal oscillation patterns, extended empirical orthogonal functions (eEOF), and Hilbert space decomposition. Unfortunately, these methods will not reliably detect irregularly occurring features (Horel 1984) and interpretation of the resultant patterns is often difficult without prior knowledge of the signal to be retrieved. In light of these difficulties, this paper proposes a simple agglomerative technique to identify large scale coherent space-time drought events. Andreadis et al. (2005) describe a spatial identification procedure in which all pixels that have a soil moisture (or runoff) percentile value below 20% are considered as being under drought. Those pixels are then classified into drought classes using a simple clustering algorithm. The first pixel under drought is assigned to the first class. Then, the 3 × 3 neighborhood of this pixel is searched for pixels under drought that are classified in the same drought cluster. This procedure is repeated until no pixels in the 3 × 3 neighborhood of the current pixel are under drought, and a new cluster is created for the next pixel below the drought threshold. A natural extension of this method is to extend the clustering from the 3 × 3 spatial domain to 3 × 3 × 3 space-time domain. Such an extension is described below.
The aim of the new method is to extract coherent space-time structures from within the data. A starting point is to identify those cells within the stack of grids that are in drought. This is achieved by defining drought at a cell if the SPI 3 value is ≤ -1 (below one standard deviation below expected for the 3 monthly period at that time of year at that location). The next step is to locate any neighbouring cells that are also in drought. The definition of neighbour presents several possibilities.
At a simple level, Figure 1 (a), neighbouring cells in two dimensions are taken to be those which share a common vertex. However, if the data contain gaps, as is common with observational data, then it is useful to extend this concept to cells that share a common vertex at some radius R cells away. The concept is illustrated in It is important to note that this treatment of the data implicitly equates the length scales ( longitude ≡ latitude ≡ time) of the individual cubes (voxels) of data that comprise the stack. The general case requires a separate scaling for each dimension (longitude, latitude, time) with radii (R lon , R lat , R time ). Here it is sufficient to consider R lon and R lat to be comparable and equal. The explicit time averaging applied in the construction of the SPI provides direct control over the temporal scaling and it is appropriate to set R time = 0 and only consider immediate neighbours in time. (Barry & Chorley 2003) and is in agreement with the practice advocated by Sheffield et al. (2009) for eliminating tenuous spatial connections.
Data
In order to further focus on the most temporally coherent events, the constraint is extended to the degree of spatial overlap between successive time slices of each particular event. Event structures in which the overlap falls below 500,000 km 2 are considered to be incoherent and are split into separate events. 
Similarity
Once a set of coherent space-time events has been identified it is possible to test for similarities in their structure. Range t where the first two are defined by the study region and Range t is defined by the data as the longest duration event.
A simple measure of similarity is the Jaccard coefficient S j (Jaccard 1901 , Gower & Legendre 1986 where
and a is the number of elements shared between the two events, that is the number of common voxels. b is the number of voxels in event one which do not coincide with voxels in event two and c is the number of voxels within event two which do not coincide with voxels in event one. S j has the desirable property of normalising the event volume but many other choices are possible (see Legendre & Legendre (1998) ). Dissimilarity is then defined as (ibid.)
The resulting dissimilarity matrix can be decomposed by a variety of clustering techniques (Kaufman & Rousseeuw 1990 ). This analysis uses partitioning about medoids (PAM) (ibid.) which is a robust alternative to the traditional k-means 7 clustering method. An inherent problem with clustering analysis is the choice of the number of clusters k into which the data are partitioned. The silhouette width (Rousseeuw 1987 ) provides a comparison of the tightness of the groupings of events within each cluster to the separation between clusters. Taking the i th object in the data set and denoting the cluster to which it has been assigned as A, then when the cluster contains other objects in addition to i it is possible to compute a(i) = average dissimilarity of i to all other objects of A
Considering any cluster C which is different from A, then
Assuming that k > 1, that is there is more than one cluster, then it is possible to locate the cluster B which contains the minimum
from any C = A. The cluster B is the second best choice for the assignment of object i. The silhouette width is defined as
The best case is a value close to +1 which implies that the within cluster dissimilarity a(i) is much smaller than the smallest between cluster dissimilarity b(i), that is the second best choice of cluster B is not nearly as close as the actual choice A. When s(i) is close to zero a(i) and b(i) must be nearly equal and it not clear whether i
should have been assigned to A or B. If s(i) is close to −1 then a(i) is much larger than b(i) and it would be more natural to classify i as belonging to B, under these circumstances it is likely that i has been misclassified. 8
Summary statistics
The 3-dimensional nature of the proposed event definition means that, in addition to the structural classification, it is possible to compute summary statistics which relate to the event geometry. The specific choice of statistic will depend upon the task in hand e.g. climate model validation, visualization, or trend detection.
Example measures considered here are the volume, centroid, and aspect ratio. The event volume is important since this represents a measure of the absolute severity in combined terms of extent and duration. The aspect ratio discriminates between large volumes arising from short period deficits over a wide area and those accrued from sustained deficits over limited areas. Finally, the event centroids can be used to explore the distribution of events in space and time.
A complicating factor is the dependence of the grid cell area (and hence cell volume) on latitude. Taking the Earth to be spherical with radius R e = 6371km the grid cell area between longitudes λ 1 and λ 2 and latitudes φ 1 and φ 2 is given by
which is used to transform from event volumes in grid cell units to deficits measured in km 2 months.
Results

Event extraction: 1976
The well known European drought of 1976 (Zaidman et al. 2002 , Doornkamp et al. 1980 ) provides an interesting example to illustrate the output from the extraction procedure as applied to a single event. remains an imperfect representation of the full 3-dimensional event structure, the combined views capture the essence of the event. Importantly, we see the core of the drought centred over mid-western Europe around the summer of 1976 and the coherent evolution from earlier deficits in the south and west to later water shortages over Scandinavia.
Since the choice of coherency radii (R lat , R lon , R time ) are likely to exert a significant influence on the form of the event, the extraction was repeated with R lon = R lat = 2 and R time = 1 grid cell units. The resultant strucutre (not shown) was found to be very similar to the previous result. The differences are minor extensions of the event to the south into Spain and Turkey. The sensitivities of smaller drought events to changes in coherency radii are considered in Section 3.3 below.
Spatio-temporal characterisation
Coherent space-time drought events were extracted from the European SPI 3 dataset 1901-2006 for coherency radii R lon = R lat = 0, 1, 2 grid cell units of 0.5 o . Droughts lasting less than 3 months were discarded to leave a total of 75, 89, and 96 events respectively. Silhouette widths were computed for clusters of volumes from each of the event sets defined by R lat = R lon = 0, 1, 2. The number of clusters k was taken from a minimum of 2 to a maximum defined by the number of events within the set.
The results are shown in Figure 3 
Summary statistics
The previous section considered the spatial characteristics of the centroids of the events defined by R lon = R lat = 0. Here consideration is given to the distribution of these events in time. European sector tend to appear in isolation. Secondly, with the possible exception of 1976, all events which last for 9 months or longer exhibit a sharp contraction in their extent at least once during their lifetimes. Similar contractions are seen in the majority of events which last for 6 months or longer. This may indicate that longer period droughts result from the merger of two or more shorter period events.
Thirdly, the rate of occurrence of drought exhibits variability at the decadal scale.
This includes extended periods such as 1934-1938, 1954-1959 and 1964-1969 To further test the sensitivity of the results to the choice of coherency radii, a subset of the summary statistics described in Section 2.5 were computed for R lon = R lat = 0 and are displayed in Figure 7 . Namely by row, these are the event volumes, durations, maximum spatial areas, and aspect ratios. Each column represents a specific choice of radius. Collectively, these confirm the tentative conclusion drawn from analysis of the 1976 event in Section 3.1; that the extracted drought structures are insensitive to small changes in R lon and R lat . Note that the absence of events lasting for less than 3 months or with maximum areas less than 500,000km 2 which were excluded prior to the analysis. The distributions of event volume, duration, and to a lesser extent the maximum extent, exhibit strong positive skew. This supports the hypothesis that the larger scale droughts are aggregates of smaller ones.
Discussion
Event definition
It has been necessary to impose many subjective choices on the selection of parameters that define the event structure, all of which have the potential to exert a significant influence on the geometric form of the event. The parameter space for event definition within the proposed framework spans: Typically the spatio-temporal characteristics of the data can be fixed prior to analysis and intercomparisons will be valid if the data are regridded onto the same basis and data gaps are homogeneous in time. The SPI averaging period and threshold are features of the drought metric which, in common with the standard application of the SPI, can be tuned to the specific scales (time period and probability) of interest. In fact, drought definition need not be restricted to the SPI for drought definition. It is easy to see how the 3-dimensional techniques described here could be applied to alternative drought definitions e.g. the Palmer Drought Severity Index.
The only real limitation is that the data are represented on a space-time grid. Thus parameters (a)-(e) are not specific to the proposed methodology, but relate to the difficulties in defining drought in general.
The choice of spatial coherency radii, minimum event area and overlap are specific to the proposed methodology. These control the level of aggregation of the data and can be used to shift the focus from tightly bounded local events to more diffuse continental scale phenomena. The preliminary analysis presented here indicates that the results are robust for small changes in R lon and R lat . Experiments with different values of minimum event area and overlap show a similar degree of insensitivity.
Dissimilarity of European droughts 1901-2006
The complete lack of similarity between the event volumes is surprising since previous work on the spatial distribution of European drought (Briffa et al. 1994 Reference to Figure 6 reveals a contraction in the drought area in April 1963. Thus, whilst clearly spatio-temporally coherent, the 1962/3 event might be considered to be composed of two distinct sub-droughts, the first being very similar to the 1995/6 event.
This result has strong implications for analogue forecast methods, that is, those which aim to predict the future from the past evolution of systems which resemble the present. A spatial snapshot of drought is a very poor guide to its future development.
Drought as a spatial process
There is evidence for dynamically driven spatial similarity between droughts at a monthly timescale. There is also evidence for randomness in the space-time character of European droughts (manifest in the complete dissimilarity between their large scale structures). The spatial distribution of the event centroids and the time evolution of the geographic cross-sectional areas both strongly suggest that large area sustained droughts result from the combination of smaller shorter lasting events.
However, if this is the case, more spatially isolated but temporally coincident events are expected than are observed in Figure 6 . One possible explanation for this is that the underlying generating process is one of relatively small events (∼ 10 6 km 2 lasting ∼ 3 months) that can occur anywhere in the domain but that feedbacks exist that tend to favour co-location in space and time. This is supported by model studies of the prolonged large scale drought and summer heatwave of 2003 (Fischer et al. 2007) which found local water feedbacks to be an essential feature required to sustain the event. Whilst local effects are important, the multiannual variability seen in the rate of drought occurrence indicates that larger scale forcings such as changes in ocean circulation might also play an important role in controlling drought occurrence.
An alternative hypothesis is that the observed results are predetermined by the use of SPI 3 . This measure of drought retains considerable short-time scale variablity, reflecting contributions from individual weather systems to the monthly precipitation totals, that will (by definition) emerge at the 3-monthly time scale. It is possible to discriminate between the two hypotheses by applying the new method to a drought index with greater memory. To this end, the analysis was repeated using SPI 12 . Figure 10 illustrates the time evolution of the cross-sectional areas of the events defined by SPI 12 ≤ −1 and R lon = R lat = 0. The longer memory index, as might be expected, shifts the emphasis onto longer lasting events. However, the time series retains a close correpondence to that shown in Figure 6 for SPI 3 . Of particular interest to this discussion, is that the longest lasting events, e.g. 1941-1944 and 1920-1922 , are again seen to arise from the aggregation of several shorter period deficits. It is also worth noting that the SPI12 events are again seen to be well separated in time. This again suggests the existence of feedbacks that to favour the co-location of drought developments in space and time. With respect to seasonality, the SPI 12 events display a bias toward an Autumn start. However, χ 2 tests against the null hypothesis of a uniform distribution of starts and finishes between seasons gave p-values of 0.64 and 0.85 respectively which can not be considered to be significant.
The small-area short duration hypothesis is further supported by the summary statistics for the SPI 12 events. These are presented in Figure 11 . The majority of evetns are again seen to be of small area (∼ 10 6 km 2 ) and short duration (∼3 months).
For completeness, silhouette widths (not shown) were computed for the SPI 12
events. The move to a longer memory index, with the implicit assumption of reducing high frequnecy varibability, was not found to increase the degree of 3-dimensional similarity between the events and the average silhouette width remainded below 0.05. consideration of the time evolution of the spatial structure highlights the role of external and internal forcings on drought development. The time evolution of the geographic cross-sectional areas of both short-period (SPI 3 ) and long-period (SPI 12 ) strongly suggest that large area, sustained droughts result from the combination of multiple small area (∼ 10 6 km 2 ) short duration (∼3 months) events. Consideration of summary statistics such as the distribution of maximum event cross-sections and event centroids leads to the hypothesis that drought may beget drought, and thus that local water feedbacks may play an important role in the aggregation process.
The 3-dimensional view is unamenable to simple summary representation; to the contrary, it encourages consideration from multiple perspectives. However, since complexity across dimension and scale is intrinsic to deficits of precipitation, it is hoped that this broader view will deepen our understanding of the space-time nature of drought. Figure 7: Summary statistics described in Section 2.5 computed for R lon = R lat = 0, 1, 2 and SPI 3 threshold ≤ −1. By row, these are the event volumes, durations, maximum spatial areas, and aspect ratios. Each column represents a specific choice of radius. 
